This note's aim is to investigate the sensitivity of Christakis and Fowler's claim (NEJM July 26, 2007) that obesity has spread through social networks. It is well known in the economics literature that failure to include contextual effects can lead to spurious inference on "social network effects." We replicate the NEJM results using their specification and a complementary dataset. We find that point estimates of the "social network effect" are reduced and become statistically indistinguishable from zero once standard econometric techniques are implemented. We further note the presence of estimation bias resulting from use of an incorrectly specified dynamic model.
Introduction
The United States has experienced a startling increase in average weight and in obesity over the past few decades (Flegal et al. 2002 , Hedley et al. 2004 . Though this phenomenon is by now well known and has been widely discussed and debated, there is still little consensus on its causes. One proposed explanation for the increase in obesity is long run technological changes that have impacted food prices as well as the propensity to exercise (Philipson and Posner 2003, Cutler et al. 2003) . Though some observers include genetic variation as a potential explanation for the rise of obesity because of the large estimates of heritability of obesity (Stunkard et al. 1990 , Coady et al. 2002 , most researchers acknowledge that genetic explanations are unlikely to explain the rapid increase in obesity over a relatively short period of time.
One particularly interesting hypothesis recently explored by Nicholas Christakis and James Fowler (henceforth, CF) in the New England Journal of Medicine is that obesity may spread through "social networks effects."
1 In fact, CF report that their findings suggest that social networks indeed facilitate the spread of obesity. 2 This provocative finding was detailed in many media sources, including the front page of the New York Times. 3 Media coverage included reports indicating "Obesity is contagious" and "…pick your friends carefully…" (Hellmich 2007 ) as well as "Add friends to the possible causes of the nation's obesity epidemic" and "…forming ties with underweight or normal weight friends may be beneficial to you" (Dembner 2007) . 4 CF suggest some potential mechanisms by which this may occur, including that having obese peers may change a person's tolerance for being obese or may influence weight-related behaviors such as eating habits, smoking, or exercise. Additional mechanisms suggested by CF include infectious causes of obesity or physiological imitation (see Burke and Heiland, 2007, for an example).
However, as is well known in the economics literature, there are alternative hypotheses that also potentially explain the empirical finding that friends' weight is correlated across time 1 In the language of the Christakis and Fowler article, social network effects are equivalent to endogenous social effects (Manski 1993) . We use the terms interchangeably. 2 They state, "…our observations suggest an important role for a process involving the induction and person-toperson spread of obesity" (p. 377), "The spread of obesity in social networks appears to be a factor in the obesity epidemic" (p.378), and "…obesity appears to spread through social ties" in the summary of their conclusions (p. 370).
3 See for example, Kolata (2007) for the New York Times, Hellmich (2007) for USA Today, and Dembner (2007) for the Boston Globe. 4 An official with the National Institute on Aging is quoted in Dembner (2007) as calling the study, "one of the most exciting studies in medical sociology . . . in decades." that do not require the presence of social network effects. As CF identify in their study, there are at least three reasons why the weight status of individuals could be clustered within reference groups. 5 The first is that individuals could choose their friends based on factors associated with weight or weight trajectories. In economics, this is typically referred to as selection (CF as homophily). Thus, friendship selection could directly lead to the correlation between friends' weight or weight gain without an individual's weight causally affecting his friend's weight through a social network effect. Second, individuals may adjust behavior because of exposure to common influences. These effects are typically referred to as contextual influences (CF as confounding). For example, the opening of a fast food restaurant, convenience store, gym, etc.
near a school could simultaneously affect the weight of all friends in a school's social network.
Importantly, the presence of (often unmeasured) shared surroundings can lead to erroneously implicating social network effects in individual outcomes where none exist. 6 Finally, individuals may alter their behavior as others in their group change theirs. Economists are now generally labeling this an endogenous social effect (CF as social network effects).
We point to three problems with the CF method. First, CF do not include a sufficiently broad set of contextual effects to account for a range of hypothesized causes of the epidemic.
Second, the CF method of controlling for selection is much too narrow in scope. Third, the CF dynamic model as estimated produced coefficients with large degrees of bias. (Liu et al. 2006) .
Once the first two errors are corrected, evidence for endogenous causes of obesity is thin.
We find that the CF results are not robust. In fact, the econometric evidence points strongly to shared environmental factors as the principle operative social mechanism underlying the positive correlation in weight status within reference groups. 7 We find this remarkable given the preponderance of contexts in which endogenous effects appear present and the fact that this class of empirical models appears to generate the appearance of effects quite easily (Krauth 2006) .
Our findings point to the difficulty in labeling the source of social effects, particularly in contexts with a direct policy reference. The public health implications given endogenous versus contextual drivers of obesity are quite different.
5 Manski (1993) provided the seminal contribution in economics in describing the alternative mechanisms that can lead to correlated outcomes within reference groups. 6 See Fletcher (2007) and Lee (2007) on the importance of unobserved group-level characteristics in estimating peer effects. 7 While many empirical studies label contextual effects as observable group-level phenomena, our main result is to show that the social network effects estimated by CF can be accounted for by unobserved group-level controls. Of course, in Manski's nomenclature, these are also contextual effects.
Data
We use the Add Health dataset to examine whether there are social network effects in weight outcomes for a national sample of adolescents who transition into early adulthood.
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Importantly, we have information on friends for approximately 5,000 individuals, nearly 2,000 of whom are followed over time along with at least one same-sex friend. 9 This sample size gives us nearly 4,000 person-year observations, slightly larger than the 3,000 used by CF. Summary statistics for our sample are presented in Table 1 .
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Though there are several important differences between the Add Health and the Framingham Heart Study (FHS) used in CF, the two data sets are sufficiently similar to use to evaluate the role of transmission mechanisms. One important advantage of the Add Health is that it is a national sample of 7-12 th graders in 1994/5 instead of being confined to a smaller population with a wider age range. Another advantage is that individuals in our data are in a setting (high school) that is, in principle, more social than the varied lives of individuals in the Framingham study. Finally, by focusing on a national sample of individuals in an active social setting, 11 we are largely able to rule out that our findings may be due to the nature of our dataset.
Thus, while one may believe that the finding of network effects in the FHS suggests an age or social setting difference in effects, it would be particularly difficult to make a generalized claim using the CF results in the absence of similar results from a national sample.
Similarities between the data sets include the time lags between interviews (approximately 3 years on average) and the type of information that was collected (see Table   4A ). It will be important for our baseline results to closely mirror those found by CF in order to be able to compare the results from our extended analyses. For brevity and to maximize the overlapping information contained in each dataset, we focus on one of the most interesting and robust results in CF-the positive relationship between the weight status of individuals and their same-sex friends.
Social Network Effects vs. Shared Experience
Central to our discussion is the distinction between endogenous effects, also labeled "induction" or social network effects by CF, and contextual effects. In the case of obesity, one can think of endogenous effects as describing the propensity to become obese because of the direct interaction with another individual. One may decide to eat more (or higher caloric foods) because their friend, spouse, neighbor does so. Because the two individuals are directly connected, they may influence each other for a variety of reasons. Contextual influences, on the other hand, reflect the shared surroundings of the members of a group that could lead to similar weight outcomes. 12 Without detailed information on an individual's characteristics, choices, preferences, and environment, it is difficult to discern whether two friends' simultaneous weight gain is attributable to their friendship or to an exposure of a common environmental factor (Manski 1993 , Durlauf 2004 ).
Empirical Methods

CF Specification and Replication
CF use data on obesity status for an individual (in their terminology, an "Ego") at a given point in time and estimate its relationship to the obesity status of a friend, spouse or relative (an "Alter") as well as its relationship to the Ego's age, gender, educational level, and past obesity status. The CF specification uses the BMI of an Ego (i) who lives in community (c) at time (t+1) 13 as a function of the individual's previous BMI, the individual's measured characteristics (X), Alter's (j) current and previous BMI, and an unobserved error term: Acknowledging these concerns, we take the CF model as is and replicate it using the Add Health data. Using equation (1) above, a logistic regression model as proposed by CF, we find the odds that an Ego becomes obese increase by 80% if his or her Alter is also obese. Broadly, 14 The argument for identification of social network effects using network architecture has been formalized in Bramoulle et al. (2007) . The methodology is intriguing and may be sufficient to control for confounding in the CF case, however, CF do not employ it, and it is not clear whether the single-Alter structure of most of their data permit identification in this setup in any case. 15 The size and direction of bias depends on the type of variable, sample size, panel length and type of misspecification. However, bias appears in essentially every case. That is, correct inference on this type of model requires some type of bias correction. 16 Of course, simply omitting a lagged dependent variable where it should belong does not alleviate the inference problem! this is in line with the CF finding of 71% for same-sex friends. Our basic results are presented in These represent a much richer set of controls to absorb average changes in social context experienced by all individuals in the sample. To explain further, these school-specific trends account for any environmental factors shared by individuals at the same school. CF control for year effects, but their specification does not capture any shared confounders that also vary across geographic space. For example, CF can control for the fact that the density of fast food restaurants has increased over time but not the fact that the number of fast food restaurants has grown faster in some areas than other areas. For example, suppose that the number of fast food restaurants has grown faster in Boston, Massachusetts than in western Massachusetts.
Controlling for year effects (which controls for the growth in the number of fast food restaurants across the states in a given year) is not as appealing as controlling for the number of fast food restaurant in an individual's local area.
Without accounting for the trends, clustering of obesity in social networks that changed over time would incorrectly be absorbed in estimation by the endogenous variable. Though one, in principle, would want many more controls to account for additional contextual effects, we will note shortly that the endogenous effect vanishes even with this relatively simple characterization.
We add to our evaluation by accounting for self-selection of friends (homophily). This is accomplished by looking only at the change in BMI from the time of declaration of friendship until the subsequent weight measurement. Note the distinction between this method and the lagged independent variable used in CF. Our method allows us to distinguish between the desire to become friends based on similarity in weight, which would appear based on the simultaneous measurement of friendship and weight, and the friendship effect of weight gain.
We find that inclusion of a more complete set of controls for school-level environmental confounders leads to a large drop in the coefficient of interest. The odds fall to 50% in column 3
of Table 2 (logit coefficient reported). As well, Liu et al. (2006) report that an increase in the number of contextual variables reduces bias in most cases.
Since linear specifications more easily accommodate fixed effects and time trends, in Table 3 we estimate models predicting BMI. In our data the association between own-BMI and friend-BMI is 0.05, which is identical to the CF results. 18 After controlling for environmental confounding (through school-specific time trends), our estimate falls by over 30% to 0.037.
Finally, we control for friendship selection by controlling for individual fixed effects. 19 With this inclusion, the coefficient of interest declines further and becomes statistically indistinguishable from zero. These results, using similar sample sizes and data as CF, suggest that the "social network effects" implicated in CF are not robust to standard economic critiques found in the peer effects literature. In fact, our results suggest that omitted group-level characteristics are the most likely mechanism responsible for correlated body weight within peer groups.
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Conclusion
Our evaluation suggests that the spread of obesity is related to the environment in which individuals live. Though we do not completely rule out the possibility of induction and personto-person spread of obesity, our results suggest that shared environmental factors can cause the appearance of social network effects. While comparing results across datasets that are quite different in design and focus is usually fraught with difficultly, we were encouraged to be able to closely replicate findings of CF using similar methods; this provides suggestive evidence that the structure of obesity decisions is similar across the two samples. It is only when we incorporate more extensive controls than those found in CF that our results diverge. This divergence in results suggests caution in interpreting correlations in linked individuals' BMI as social network effects. In fact, we find evidence that community-level factors are able to explain a large share of the "social network effect" in our data.
We find results that suggest difficulty in distinguishing social network effects and environmental confounds of weight gain. And though we advise caution in interpreting the available evidence of a social contagion in weight, we concur with CF on the use of network phenomena, broadly writ, to help to ameliorate the epidemic. Some of the encouraging evidence mentioned in CF, in particular the fact that alcohol and smoking cessation programs are more effective when coupled with peer support, can be exploited independent of the degree of induction present. That is, one need not find evidence that obesity is spread via networks to draw on the logic of peer support to address important issues in public health such as smoking and obesity. 21 Our data show tightly interconnected networks of friends at the high school level and a high degree of coincidence of obesity within these networks; this can be exploited for interventions even if the cause of the obesity came from a joint external source. Similar arguments can be made to support the notion that obesity can be approached from a public-health perspective rather than a clinical one. Yes Yes *Although each individual in the original sample of 90,000 students was asked to nominate friends up to five male and five female friends, the study design of the longitudinal component of the data collection was to follow approximately 20,000 randomly selected students from the original sample. Of these 20,000 students, nearly 15,000 listed at least one male or female friend who went to the same school. 22 **Individuals in 12 th grade in Wave 1 of the data are not followed in Wave 2 due to the original sample design. This results in the loss of nearly 1,000 individuals in our analysis sample.
